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ABSTRACT 
Immunotherapy is an entirely advanced class of cancer treatment which has been 
highly active and exciting field in clinical therapeutics. In numerous procedures, 
cancer immunotherapy demands a laborious practice to recognise and count Dendritic 
Cells (DCs) in the harnessing of immune system. Conventionally, the laser-based 
technology that provides a rapid analysis such as Flow Cytometry can affect the DCs 
viability as the staining procedure is involved. Another highly promising method 
which is Phase Contrast Microscopy (PCM) involves experienced pathologists to 
visually examine the respective microscopy images. In fact, PCM confronts complex 
issues regarding imaging artifacts which can deteriorate the recognition process. As 
DCs counting are crucial in most cancer treatment procedures, this research proposes 
a pioneering system called CasDC (Computer Aided System for Dendritic Cells 
identification) which implements an image processing algorithm to recognise and 
count DCs with a label-free method. Initially, the images undergo Grayscale 
Normalization, H-GLAT, and Halo Removal to remove the imaging artifacts. In 
segmentation, morphological operators and Canny edge detector are implemented to 
extract the cell contours. Following that, information from the contours are 
characterized through the use of One-Dimensional (1D) Fourier Descriptors (FDs) and 
classified using Template Matching (TM). The aim of developing this system is to 
establish a reliable and time saving-tool as a second reader in the clinical practice. The 
proposed system has an enormous potential towards helping Cancer Research Institute 
in improving the diagnosis of cancer. Through the experiments conducted on dataset 
provided by the Cancer Research Institute, performance measures of 83.8%, 94.2%, 
99.5% and 88.7% have been recorded for precision, recall, accuracy and F1-score 
respectively .
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ABSTRAK 
Imunoterapi adalah satu kelas rawatan kanser maju di mana menjadi bidang yang 
sangat aktif dan menarik dalam terapi klinikal. Dalam pelbagai prosedur, kanser 
imunoterapi menuntut amalan yang membebankan untuk mengenal pasti dan mengira 
sel-sel dendrit (DC) dalam memanfaatkan sistem imun. Secara konvensional, 
teknologi berasaskan laser yang mampu menyediakan analisis yang pantas seperti 
sitometri aliran boleh menjejaskan daya ketahanan DC disebabkan oleh penglibatan 
prosedur pewarnaan. Satu lagi kaedah yang mendapat perhatian iaitu mikroskop 
kontras fasa (PCM) melibatkan ahli patologi yang berpengalaman untuk mengkaji 
imej mikroskop masing-masing. Malah, PCM menghadapi isu-isu yang kompleks 
berkenaan artifak pengimejan yang boleh menjejaskan proses pengenalpastian. Oleh 
kerana pengiraan DC ini mempunyai peranan yang besar dalam kebanyakan prosedur 
rawatan kanser, penyelidikan ini mencadangkan satu sistem perintis dipanggil CasDC 
(sistem berbantukan komputer untuk pengecaman sel-sel dendrit) yang dapat 
melaksanakan algoritma pemprosesan imej untuk mengenal pasti dan mengira DC 
dengan kaedah bebas pewarnaan. Pada peringkat awal, imej menjalani normalisasi 
skala kelabu, H-GLAT, dan penyingkiran halo untuk membuang artifak di dalam imej. 
Dalam segmentasi, operator morfologi dan pengesan Canny dilaksanakan untuk 
mendapatkan kontur sel. Berikutan itu, maklumat daripada kontur dicirikan melalui 
penggunaan satu dimensi (1D) deskriptor Fourier dan diklasifikasikan dengan 
menggunakan penyesuaian templat. Tujuan sistem ini dibangunkan adalah untuk 
menghasilkan alat yang berkebolehan dan menjimatkan masa sebagai bantuan kedua 
dalam amalan klinikal. Sistem yang dicadangkan ini mempunyai potensi yang besar 
ke arah membantu Institut Penyelidikan Kanser dalam meningkatkan diagnosis kanser. 
Melalui eksperimen yang berkaitan dengan set data yang disediakan oleh Institut 
Penyelidikan Kanser, ukuran prestasi telah direkodkan dengan masing-masing 
mencatat 83.8%, 94.2%, 99.5% dan 88.7% untuk kepersisan, kepekaan, kejituan dan 
skor-F1. 
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1CHAPTER 1 
INTRODUCTION 
Most of the established therapies such as surgery, chemotherapy and radiotherapy are 
widely used to treat cancer patients. Surgery is often considered as the first therapy 
option to remove the tumour (Sasada et al., 2015). Nevertheless, there is a tendency of 
removing only parts of the tumour. Following that, a combination of surgery with 
radiotherapy or chemotherapy is typically used in patients to kill the cancer cells 
(Sasada et al., 2015). However, both radiotherapy and chemotherapy can introduce non-
favourable outcomes towards the patient, such as serious bleeding, lack of energy and 
experience depression (Mellman et al. 2011). Recently, Dendritic Cells (DCs) 
immunotherapy has been widely explored and introduced as an advanced approach to 
boost the immune system to fight cancer (Raïch-Regué et al., 2014; Sasada et al., 2015). 
DCs immunotherapy employs and activates the body’s own immune cells to fight the 
cancer cells as shown in Figure 1.1. 
 
Patient body Monocytes in 
PBMCs 
Activates 
DCs
Vaccine 
preparation
Infuse back
 
Figure 1.1: DCs immunotherapy procedure 
 
In the cancer microenvironment, DCs have a key role for activation of T- and 
B-cell immunity as both represent as the Antigen-Presenting Cells (APCs) (Raïch-
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Regué et al., 2014; Tan et al., 2010). DCs can be generated in vitro from Peripheral 
Blood Mononuclear Cells (PBMCs) (Tan et al., 2010). On top of that, DCs have long 
and numerous tentacles as their main characteristic as shown in Figure 1.2. The 
identification of DCs in immunotherapy is important as the phenotype of DCs can 
determine the type of immune reaction in autoimmunity response. In brief, 
morphological cell analysis is a key issue for the preparation of cancer immunotherapy 
as the DCs are trained to recognise cancer antigens.  
 
 
Figure 1.2: Component of immune cells in human blood system (IMDC, 2015) 
 
During the cell culture, DCs can be characterised and recognised using Flow 
Cytometry (Rovati et al., 2008; Tan et al., 2010). However, this method involves a 
staining process which can affect the DC viabilities. Therefore, another promising 
microscopy technique called, Phase Contrast Microscopy (PCM) is used to visualise, 
recognise and count the amount of DCs manually before the sample is infused back into 
the patient body. Even though PCM is a label-free imaging modality, the identification 
purpose becomes challenging as the image is constituted with a variation of imaging 
artifacts such as halo region, low contrast and overlapping DCs (Jaccard et al., 2014; 
Ra et al., 2013; Usenik et al., 2011). Such procedure is laborious, time-consuming and 
very dependent on the expert’s skill to recognise and count DCs which can introduce 
human errors.  
To address these circumstances, a pattern matching approach is developed to 
automatically recognise and count DCs in a large number of cells in PCM images. As 
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the initial condition, pre-processing schemes are applied to remove any imaging 
artifacts from the testing image. The complexity between DCs boundary and other cells 
can be considered distinctive to visually distinguish. Therefore, Fourier Descriptors 
(FDs), which are derived from One-Dimensional (1D) shape signatures is proposed in 
which the method has been applied in several studies particularly in shape-based image 
retrieval  (Dalitz et al., 2013; Sokic & Konjicija 2016; Yuan et al., 2014). This proposed 
approach is capable to identify DCs with a label-free detection and low computational 
resources.  
The overall process of DCs counting scheme of PCM image microscopy 
encompasses four primary stages namely, 1) Image Acquisition; 2) Pre-processing 
stage for both templates and testing images; 3) Computation of 1D Fourier Descriptors 
(FDs) to extract cell contour; and 4) DCs recognition, marking and counting process. 
Next, the sample images are compared to a set of template images to detect the most 
approximate target cell based on FDs. The cell templates have been already configured 
to match similar pattern of DCs to those of the templates.  
During the features matching procedure, the cell shape signatures are obtained 
through the conversion of geometrical pixel information of shape descriptors to 1D 
FDs, which facilitate an efficient Template Matching (TM) to recognise, mark and 
count DCs in a pool of blood cells. The details on the DCs imaging classification 
schemes are described in Chapter 3, followed by the results and analysis in Chapter 4. 
Towards the end, the conclusion of the entire research with future works are discussed 
in Chapter 5.  
1.1 Problem Statement 
Identification of DCs especially in the cancer microenvironment is a unique disclosure 
since fighting tumor from the harnessing immune system has been a novel treatment 
under investigation. Besides that, pathologists figure this issue as a valuable case as the 
information about any diseases can be extracted from them. DCs can be defined through 
their key morphological feature which is tentacles (Wieder, 2003). Conventional Flow 
Cytometry provides an effective recognition of labelled DCs using fluorescent dyes that 
may cause phototoxic damage to the DCs tentacles (Tan et al., 2010). Recent advances 
in cellular imaging have facilitated investigation of unstained living cell using PCM. 
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However, it involves tedious manual inspection and in certain cases, the DCs tentacles 
can hardly be identified due to the low image contrast and bright halo outlining the 
cells. The PCM turns the invisible phase shifts of the light waves emerging from the 
object into visible intensity by using interference with the 90° phase shifted illumination 
wave (Bensch & Ronneberger, 2015). Therefore, these would result in decreasing 
intensity which is proportional to the object thickness. This condition leads to halo 
region and shade-off artifacts to the image (Jaccard et al., 2014; Bensch & 
Ronneberger, 2015). In the meantime, PCM has critical issues regarding clumping and 
overlapping cells which may deteriorate the recognition process (Tan et al., 2010). 
Apart from imaging artifacts, the cell identification procedure can be very time 
consuming and qualitatively subjective. Such procedure is very dependent on the 
expert’s skill to identify and count DCs. To address these circumstances, a Computer 
Aided System for DCs identification (CasDC) which involves pattern recognition is 
proposed to effectively identify and count DCs with a rapid and minimum processing 
time. The finding of this research would permit rapid, standardized and quantitative 
analysis for further cancer immunotherapy vaccine preparation. 
1.2 Aim 
This research aims to develop a Computer Aided System for Dendritic Cells 
identification (CasDC) for cancer immunotherapy vaccine preparation. 
1.3 Objectives 
To achieve the aim, the following objectives have been outlined: 
1. To develop a pre-processing technique on the PCM images to reduce the image 
artifacts in preparation for segmentation of DCs. 
2. To establish a feature extraction and classification algorithm for detection of 
DCs. 
3. To develop an auxiliary Graphical User Interface (GUI) that supports efficient 
detection of DCs.  
4. To evaluate the performance of developed system via a series of experimental 
programme (quantitative and qualitative analysis).  
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1.4 Scopes and Limitations 
The restrictions and limitations during this research are: 
1. This study focuses on the cell shape signatures in identifying the main 
characteristics of DCs for their classification.  
2. MATLAB R2015a toolbox which utilizes GUI is developed to identify and 
count DCs.  
3. The experimental studies are conducted and evaluated on selected samples of 
PBMCs images under PCM. All the selected samples are required to undergo 
culturing procedure to enhance the visibility of DCs from complex clumping 
region. 
4. The image dataset is provided by Cancer Research Malaysia (CRM). All the 
ethical standards are conducted by CRM and the images are publicly available 
for research purposes.  
5. The developed algorithm is tested on 1877 × 1408 and 2560 × 1920 size pixels 
of randomly selected from 135 PCM images to show the feasibility of the 
developed system. 
1.5 Research Contributions 
This research provides a framework of image processing approach in DCs classification 
and counting as shown in Figure 1.3. CasDC has been established in which this system 
offers a non-staining procedure to increase the viability of DCs and subsequently, 
beneficial to reduce error in DCs counting. This is the first time that Hybrid of Gaussian 
Kernel Filtering using low and high sigma parameter followed by Local Adaptive 
Threshold (H-GLAT) has been used to solve low contrast and overlapping cells in PCM 
images. Other than that, an automated DCs classification is provided to accelerate the 
clinical translation with rapid and minimum processing time through the use of 
Template Matching (TM) based on 1D FDs. Overall, a GUI has been developed to 
provide the end user with an interactive way to count DCs.  
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1.6 Summary 
This chapter briefly discusses the current issues in DCs identification for cancer 
immunotherapy purpose. In this procedure, DCs represent an appealing option in 
vaccine preparation as they have the ability to boost the immune system to fight cancer. 
DCs can be rapidly identified using a laser based tool called Flow Cytometry. 
However, this method affects the DCs viability as it acquires staining stage which 
might kill the tentacles. Therefore, manual counting has been practiced via a label free 
imaging modality which is PCM. The pathologists face a challenge to identify DCs 
based on the tentacles using this method due to a variation of imaging artifacts such as 
halo region, low contrast and clumping cells in the PCM image.   
The manual counting of DCs is time consuming and highly prone to error as 
such procedure is laborious and depends on the expert’s skill. In fact, it produces a 
high variance due to different levels of experience in DCs counting. Thus, this project 
aims to solve the problem by image processing approach to accelerate the clinical 
translation. Since the raw PCM images are constituted with imaging artifacts, applying 
image pre-processing is one of important step before classifying DCs. Towards the 
end, a system called CasDC is developed to provide a rapid identification of DCs in 
the PCM images. The next chapter describes in detail concerning DCs, PCM images 
and image processing techniques applied in the related studies. 
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2CHAPTER 2 
LITERATURE REVIEW 
Many studies have discussed the motivation of carrying an in depth study on Dendritic 
Cells (DCs) in cancer immunotherapy by the clinical practitioners. In brief, this review 
focuses on four areas: 1) Introduction to Immune Cell Subsets; 2) Significance of 
Identifying DCs; 3) DCs Culture and Imaging; and 4) Current Technology in 
Identification for PCM Image.  
2.1 Introduction to Immune Cell Subsets 
White Blood Cells (WBCs) or known as Leukocytes involve in maintaining immune 
system by protecting the body against any diseases and sensing foreign organism. 
Besides that, they are essential in the diagnosis of cancer as the information about any 
diseases can be extracted from them (O'Neill et al., 2015; Ma et al., 2013). The 
production of WBCs is derived from multipotent cell in the bone marrow. There are 
five types of WBCs which are Monocyte, Lymphocyte, Neutrophil, Basophil, and 
Eosinophil as shown in Figure 2.1.  
 
Platelet Erythrocyte
 (Red blood cell)
Lymphocyte
Monocyte
Eosinophil
Neutrophil
Basophil
 
Figure 2.1: Types of blood smear under Light Microscope (Sarrafzadeh et al., 2014) 
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Table 2.1 provides specification of each blood components. These are essential and 
play a crucial role in maintaining healthiness to the human body. 
 
Table 2.1: WBCs specification (Sarrafzadeh et al., 2014) 
 
WBCs (~% in 
blood) 
Nucleus Cytoplasm Size 
(µm) 
Neutrophils 
(60%) 
Divided into 2 to 5 segments and 
stains dark purple (multi-lobe 
nucleus). 
Pale pink to tan with fine pink-purple 
granules. 
12-16 
Eosinophils 
(3%) 
Blue coloured and is divided into 
2 segments. 
Full of pale pink to tan with large 
orange and red granules. 
14-16 
Basophils 
(1%) 
Contains 2 lobes that stains 
purple and is difficult to see.  
Pale pink-tan but contains large 
purple/blue-black granules obscure 
nucleus. 
14-16 
Monocytes 
(6%) 
Singular nucleus, kidney shaped 
or bean shaped. 
Stains a blue gray colour with 
‘ground glass’ cytoplasm with tiny 
granules. 
14-20 
Lymphocytes 
(30%) 
Large, round or oval, dark 
staining nucleus. 
Little to no cytoplasm with pale blue 
in colour.  
8-15 
 
Blood Monocytes are the major source of human DCs in vitro (Heine et al., 
2012; Silveira et al., 2013). Monocytes appear in amoeboid shape with abundant blue-
grey cytoplasm. They have a folded nucleus which is in the form of kidney bean shape. 
Ordinarily, Monocytes constitute 0.2–1.0 × 10 9/l (2–10%) of blood count in normal 
adults (Curry, 2012). They are the largest type of WBCs with the diameter of 14 to 
20µm. The functions of Monocytes are to replenish resident Macrophages at normal 
states, response to inflammation signals, subsequently move faster to the site of 
infection and lastly, able to differentiate into Macrophages and DCs after circulating 
in the blood for one to three days. The differentiation of Monocytes into Macrophages 
and Monocyte is illustrated in Figure 2.2. 
 
 
Figure 2.2: Differentiation of Monocytes (Silveira et al., 2013) 
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The migration and differentiation of Monocytes into specific tissues occur at 
the time of a stimulation of a different Cytokines, Interleukins and other factors (Le 
Douce et al., 2010). Depend on the location, the Monocytes may become either 
Macrophages or DCs (Landolt et al., 2011). Macrophages function as a tissue defender 
from remote substances. In facts, Macrophages have large smooth nucleus, wide area 
of cytoplasm with internal vesicle compared to DCs which have long tentacles and 
contain abundant intracellular structures of antigen processing. During an infectious 
disease, DCs may trigger autoimmune responses and stimulate T-cells with resultant 
Macrophage activation and subsequently inducing significant tissue injury (Ferenbach 
& Hughes, 2008).  
Wieder (2003) discusses on a population of striking Dendritic-shaped cells 
which is discovered in the spleen, nearly thirty years ago. It is proved that the DCs 
clearly exist in either lymphoid or non-lymphoid tissues. DCs exist in a number of 
places in the body and are mobile, migrating in the blood and lymph from peripheral 
organs to the lymphoid organs, especially to T-cell areas such as that in the Lymph 
Nodes (LNs). Generally, DCs will capture the antigens, process and present them on 
the cell surface along with convenient co-stimulation molecules.  
DCs are presented in immature and mature states as illustrated in Figure 2.3. 
Immature DCs have no tentacles while mature DCs exhibit numerous tentacles or 
veils. In most tissues, DCs will undergo immature state when they are unable to 
stimulate T-cells. However, they are still able to capture antigens or viruses in 
peripheral sites. Once the antigens are captured, DCs will process them and start to 
migrate to T-cells, area of Lymph Nodes (LNs) and Spleen. This process is called 
maturation state where immune response will be stimulated.  
 
 
 
a) Immature DCs 
 
 
b) Mature DCs 
 
Figure 2.3: Morphology states of  DCs (O'Neill et al., 2015) 
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2.2 The Significance of Identification of Dendritic Cells (DCs) 
This research focuses on DCs morphology analysis due to its significance and impact 
to the pathologist in enhancing the vaccine preparation for cancer immunotherapy.  In 
DCs vaccine cell preparation, the identification of DCs from PBMCs sample is crucial 
before the cell can be stimulated. Therefore, it is essential to analyse the amount of 
DCs at the tumor site of cancer patients as it plays a vital role in inducing 
immunotherapy against cancer (Ma et al., 2013; O'Neill et. al., 2015;). Apart from that, 
the analysis of DCs morphology is important as the effect of food toxicology on the 
immune system and cancer can be assessed (Braiki et al., 2016). The previous and 
initial studies of DCs are expressed as novel and complex since they are Antigen-
Presenting Cells (APCs) and capable in maintaining immunity against cancer by 
maintaining the B-cell function and recalling responses.   Eventually, the intricacy of 
this disclosure can exhibit the microenvironment activity at the tumor site and provide 
a superior comprehension of DCs immunobiology as it is vital in designing or 
enhancing therapeutic approaches. 
2.3 Dendritic Cells (DCs) Culture and Imaging 
A great deal of attentiveness in DCs has been discovered to endeavor them in vaccine 
preparation for cancer immunotherapy. DCs are crucial to prompt immunity against 
cancer due to its roles as adjuvants for vaccines and direct therapy. The majority of 
experts demonstrate that DCs is beneficial in cancer therapy and thus, animal model 
has been frequently inspected in this field (Xu et al., 2007). However, several 
institutions are continuous to utilize DCs in human clinical exploratory to activate 
immunity to antigens against numerous common cancer (Tuana et al., 2011; Ma et al., 
2013; Mohammadi et al., 2015). In perspective of DCs as a robust regulator of the 
immune system, much research is being directed to diagnose how DCs can be 
harnessed to induce immunity. 
Human Peripheral Blood Mononuclear Cells (PBMCs) consists of several 
types of immune cells namely; Lymphocytes, Monocytes and DCs. PBMCs are the 
populations of immune cells that remain at the less dense and upper interface of the 
Ficoll layer. They are often referred as the buffy coat and collected when the  Ficoll 
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fractionation method is used (Miyahira, 2012). This layer is used to separate the blood 
to its component and this separation provide an accessible harvest of PBMCs. Since 
Erythrocytes are denser than 1.077 g/ml, they are removed during the fractionation. 
However, Basophils may be present in a small degree in the less dense PBMCs 
fraction. Based on the previous researches and experiences, Lymphocytes are normally 
in the range of 70-90% of PBMCs, Monocytes with 10-30% and DCs are composed 
of 1-2% of PBMCs (Miyahira, 2012). 
There is a current pathway in observing DCs such as morphological 
identification. In the first procedure, DCs can be directly isolated from blood or 
originated in vitro from peripheral blood Monocytes or CD34+ bone marrow cells 
(Mohammadi et al., 2015; Tan et al., 2010). Consequently, immature DCs are 
generated with the presence of Granulocyte Macrophage colony-stimulating factor 
(GM-CSF) and Interleukin (IL)-4 before maturation process is completed by 
incubation with tumor necrosis factor (TNF)-α, stem cell factor, or FLT3 ligand (Tan 
et al., 2010). Figure 2.4 presents the passages of cell culture procedure for DCs. 
 
 
Figure 2.4: DCs cultivated through several passages (Mohammadi et al., 2015) 
 
Tan et al., (2010) conduct a comparison study of three different DCs 
morphology visualisation which are Conventional Light Microscopy, Phase Contrast 
(PCM) and Confocal Laser Scanning Microscopy (CLSM). The earliest examination 
of DCs has been fascinated by observing cells using Light Microscope. However, the 
cells acquire a staining procedure to ensure them to be visible as they are translucent. 
The function of staining is to enhance the contrast and assist in the classification of the 
cells (Tan et al., 2010). Unfortunately, DCs are unable to be labelled through any 
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artificial means as their viability needs to be ensured. This is because the staining 
might able to kill the cells.  
Therefore, the other possible approaches to view the cells is imagined through 
PCM. It is possible to observe the unstained DCs in details. PCM images are images 
that are taken to make highly transparent objects more visible, and it is normally used 
to visualize the intercellular structures (Tan et al., 2010). However, PCM faces a 
limitation when it is unable to distinguish the DCs consistently. In some cases, the 
image has low contrast which increases the difficulties in defining the tentacles of DCs 
(Yen Ruen et al., 2016). It can be concluded that the manual analysis and counting are 
time consuming and require a high degree of skill of the pathologist. 
Unlike PCM, CLSM can produce a better image as this tool is able to view the 
visual sections of intracellular structures (Suzuki et al., 1997). Following that, the cell 
structures and tissues can be explored in depth to acquire more understanding towards 
the cell study. Besides being a costly tool, CLSM also provides another drawback as 
this laser based tool is harmful to the cells and tissues (Fellers & Davidson, 2012). 
Table 2.2 compares the advantages and drawbacks of each modality used. During 
induction, the growth of DCs increase in term of size and develop into multiple 
cytoplasmic projections compared to their round and spherical features of precursor 
cells.  
 
Table 2.2: Type of microscopy in DCs visualisation 
 
Types of microscopy Advantages Drawbacks 
Light Microscopy 
 
 Acceptable for identification 
purpose. 
 Low operating cost. 
 Require staining procedure 
which can damage and form 
irregular dendrites. 
 
 
 
PCM 
 
 No specific staining is carried 
out. 
 Allow flexibility of the time to 
observe the cells throughout 
the culture period.  
 Cell seen overlapping to one 
another. 
 Poor resolution with formation 
of halo artifacts and 
illuminations. 
CLSM 
 
 Yielded DCs images with 
greater detail and better 
resolution. 
 Able to assess the interior 
structures.  
 High operating cost. 
 Damaging effect of high-
intensity laser irradiation to 
cells and tissues 
 Requires an experienced 
operators. 
 
  
14 
Other than that, the identification of circulating DCs also can be confirmed by 
using Flow Cytometry and it can be considered as a practical tool either in 
experimental or clinical studies of several pathological conditions (Hasskamp et al., 
2005; Rovati et al., 2008; Mohammadi et al., 2015). Fluorochrome-based Flow 
Cytometry assays are utilized to analyse the maturation stage and their effects of 
culturing. The procedure is assessed through cell viability, necrosis, purity, phagocytic 
capacity and CD11c expression.  
Figure 2.5 shows the schematic process of Flow Cytometry in identifying and 
analyzing cells. The samples of PBMCs which are isolated from the patient body are 
processed and stained with fluorescence antibodies. This process is needed as the 
characterisation of the interest cells will initiate according to the fluorescent-labelled 
antibodies specific to cell-surface markers (Jahan-Tigh et al. 2012). Next, the staining 
cells are introduced to several stage for purpose of cells sorting in the Flow Cytometry 
such as 1) Forward Scatter Detector, 2) Side Scatter Detector, 3) Fluorescence 
Detector, 4) Filters and Mirrors and 5) Charged Deflection Plates (Jahan-Tigh et al. 
2012).  
 
 
Figure 2.5: Process in Flow Cytometry (Jahan-Tigh et al., 2012) 
 
The result shows that the long processes of DCs culturing initiate a problematic 
for Flow Cytometry which make the analysis of DCs more difficult compared to other 
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blood cells. Besides that, the fluorescence dyes used in the cell markers can contribute 
to the cell damage (Tan. et al., 2010). Although the utilization of this approach is 
considered as rapid and sensitive, the analysis of Flow Cytometry usually produces an 
extensive amount of data and information which can increase the complexity of the 
flow analysis (Jahan-Tigh et al., 2012).  
2.3.1 Commercial System for Dendritic Cells (DCs) Classifier 
Currently, a variety of frameworks is commercially available. These modalities are 
fundamentally integrated using a few stages of cell imaging as the image acquisition, 
and image processing as the cell classifier and analysis. The basic stages are shown in 
Figure 2.6.  
 
Hardware Software
 
Figure 2.6: Basic cell imaging steps for systems and software (Juneau, 2015) 
 
Cellometer system is one of the advanced platforms that is developed through 
the years to address the issues of DCs screening and counting (LLC, 2015). This 
quantitative method is invented based on the cell size range. It is used to image the 
cultured DCs in order to count and measure the diameter of mature DCs by using a 
secondary software. According to the training dataset, mature DCs are larger in size 
with the mean diameter of 13µm. Figure 2.7 shows that the cell size histogram of DCs 
(type #1) has the larger size compared to the other cell (type #2) in the blood smear. 
The frequency refers to the number of cells in the sample images. Therefore, the 
diameter parameter is set to distinguish DCs from other smaller sized cells. 
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Figure 2.7: Cell size histogram in blood smear (LLC, 2015) 
 
The processing time taken to perform these tasks is in less than 30 seconds per 
sample. The system uses an accurate cell membrane outline algorithm which produces 
the cell outline around each cell when the counting is completed. Figure 2.8 
demonstrates the output of the Cellometer system showing counted cells which are 
indicated by green cell outlines. This practical algorithm provides a consistent 
identification of the desired cell population with reliable and accurate cell counts and 
size measurements as well (LLC, 2015). Apart from that, users can customize the cell 
size parameters, in which they have the capability to count only those cells that fall 
within the designated cell size. 
 
 
Figure 2.8: Example of Cellometer system output (LLC, 2015) 
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2.4 Current Technology in Cell Identification for PCM Image 
In imaging fields, detecting DCs are still one of the novel approaches under 
investigation since they are unable to be identified through the microscope before 
staining process is applied. Therefore, other possible approaches are investigated 
through image processing methods.   
Based on Figure 2.9, most of current developed cell recognition can be found 
in the related works for segmentation and classification of other cells under the PCM 
imaging (Bradbury & Wan, 2011; Usaj et al., 2011, Kang et al., 2012; Jaccard et al., 
2014; Stoklasa et al., 2015.  However, far too little attention has been paid to the DCs 
under PCM image. Currently, there are only one studies related to DCs identification 
(Yen Ruen et al., 2016). Most of the previous researchers focus on the other cells under 
PCM imaging. Figure 2.10 shows the basic stages which are applied in the overall 
process of cell identification in the PCM image. 
 
2009 2017
Other cells DCs
2013
Ra et al., (2013)
Chen et al., (2013)
Su et al., (2013)
2012
Kang et al., (2012)
Yin et al., (2012)
Seroussi et al., (2012)
2014
Jaccard et al., (2014)
Alioscha-Perez et al., (2014)
Zhang et al., (2014)
2015
Stoklasa et al., (2015)
Bensch & Ronneberger (2015)
Huang & Liu (2015)
2010
Bradbury & Wan (2010)
2011
Xiong et al., (2011)
Usaj et al., (2011) 2016
Yen Ruen (2016)
 
Figure 2.9: Current trend on  PCM image processing 
 
Image Acquisition
Filtering
Thresholding
Segmentation
Feature Extraction
Classification
Pre-processing
 
Figure 2.10: Basic stages in PCM image processing (Ambriz-Colin et al., 2006) 
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2.4.1 Image Preprocessing and Segmentation in PCM Imaging 
Acquiring and processing PCM images in cell imaging and high-throughput screening 
applications is still a challenge as the frameworks and algorithms used must be fast, 
simple to use and involves minimal intrusive (Juneau, 2015). Various challenges are 
identified in cell segmentation in PCM images. Overall, the drawbacks of PCM 
imaging can be categorized into 1) Low Image Contrast (Shade-Off); 2) Overlapping 
Cells and 3) Halo Region as shown in Figure 2.11. PCM converts small phase shifts 
in the light passing through a transparent specimen into amplitude or contrast changes 
in the image (Xiong et al., 2011). Thus, the specimen is visible with medium or dark 
grey features, surrounded by a bright halo and higher intensity of background for 
positive PCM.  
 
 
Figure 2.11: Imaging artifacts in PCM image (Kang et al., 2012; Z. Yin et al., 2012)  
2.4.1.1 Low Image Contrast 
Generally, PCM images are deteriorated with low contrast between the cell region and 
image background that hinder image segmentation. Thus, various techniques have 
been applied to overcome the low image contrast problem. Usaj et al., (2011) apply 
Histogram Equalization to upgrade the contrast between cells and background. 
However, the technique provides poor results as noise can be observed in the 
background of the image as shown in Figure 2.12.  
 
Overlapping cell 
Halo region 
Low contrast 
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         Figure 2.12: Application of Histogram Equalization (Ambriz-Colin et al., 2006) 
 
Following that, Jaccard et al., (2014) implements Global Threshold through 
Local Contrast Threshold (LCT) to solve non-illumination and low contrast image. 
The results found that Global Threshold such as Otsu segmentation is failed to be 
implemented in this problem as it is unable to discriminate the cell region from the 
background and tends to produce clumping segmentation between the cells. Based on 
the other application, Local Adaptive Threshold has a potential to overcome the 
challenge as it applies different threshold for each pixel according to the boundary 
information of neighbouring pixels (Singh et al., 2012). 
Theoretically, pixel intensity variance recognizes the cells region and 
discriminate them from the background. However, this technique encounters a 
problem with clumped cells with a low boundary contrast (Ambriz-Colin et al., 2006). 
Zhang et al., (2014) has successfully solved the low boundary contrast within 
clumping cells by training a pixel based classifier to discriminate the boundaries of in-
focus cells, out-of-focus cells and background. Meanwhile, Stoklasa et al., (2015) 
combine the classification of superpixels with the Region Growing method to locate 
cell boundaries. The result shows that the cell is unable to be detected if no detection 
marker is found for a particular cell and this problem arises whenever the cells exhibit 
low contrast. 
Optical properties of PCM have a prior knowledge towards the image 
reconstruction in removing the artifacts. Yin et al., (2012) study the optical properties 
of the PCM to restore artifact-free PCM images by developing a linear imaging model 
to approximate its image formation process. The study found that the removed artifacts 
contribute to high quality segmentation of cell as shown in Figure 2.13(a). The 
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discrimination between the cell background and foreground is clearly visualised.  
Subsequently, Su et al., (2013) proposes another promising method via a Semi-
Supervised Clustering technique over phase retardation features to segment bright 
cells. The proposed method achieves more accurate segmentation in the variation of 
stages. However, false detections occur when cells are visualized in partially bright 
with dark regions. Figure 2.13(b) shows the result of Semi-Supervised Clustering in 
which the method is unable to detect the cell boundary which is contaminated with the 
bright region.  
 
 
a)  
 
b)  
Figure 2.13: Results in: (a) Image Reconstruction (Yin et al., 2012) and (b) Semi-
Supervised Clustering (Su et al., 2013) 
 
Jaccard et al., (2014)  propose Gaussian Kernel Filtering to smooth the image 
background and detect poor boundaries on PCM images of Mouse and Human 
Embryonic Stem Cells. Other cells include Chinese Hamster Ovary Cells, Human 
Neuroblastoma Cells and Yeast Cells. Figure 2.14(a) shows the result of Gaussian 
Kernel Filtering which provides a good cell detection in the pre-processing and cell 
segmentation.  
Subsequently, Bensch & Ronneberger (2015) use the same method to smooth 
the edges of Glioblastoma-Astrocytoma U373 Cells on a Polyacrylimide substrate. 
Alternatively, the Gaussian Kernel Filtering is integrated with a Graph Cut of 
Asymmetric Boundary Cost to enhance the cell boundary in dark and bright region. 
These two combinations are able to minimize an energy functional that searches for a 
segmentation mask and simultaneously favors dark-to-bright transitions at its 
boundary. The result shows an improvement for detecting very weak phase contrast 
boundaries, but cells are still predominantly show leaking segmentation for 
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asymmetric boundary cost as shown in Figure 2.14(b). The yellow boundary indicates 
the ground truth provided by the expert. Meanwhile, the red region refers to the cell 
segmentation by the proposed method. 
 
 
a) Jaccard et al., (2014)  
 
b) Bensch & Ronneberger (2015)  
Figure 2.14: Results of Gaussian Kernel Filtering method 
 
Another method which is Active Contour, also faces the problem of low 
contrast in the PCM images as poor results are retrieved if this method deals with fuzzy 
boundaries. Li et al., (2009) introduce the Front Vector Flow with Active Contour to 
guide the initial cell boundaries to the real boundaries. They found that in order to 
clearly identify the real boundaries, a high level feature of cells must be recognized 
first. The limitation arises when the noise or imprecise boundary detection exist as the 
method is normally sensitive to the initial position. Figure 2.15 shows the example of 
Active Contour application in PCM image in which the cell detection is imprecise due 
to its deficiency to discriminate the dark cell region from the bright part.  
 
 
a) PCM image 
 
b) Active contour method 
Figure 2.15: Application of Active Contour method in PCM image (Yin et al., 2012) 
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Later, an improvement has been implemented in Gradient Vector Flow (GVF) 
by Seroussi et al., (2012). They reveal that the gradient directionality of cellular 
boundaries contributes to a beneficial information towards the performance of cell 
segmentation. However, the flexibility of initialization is quite restricted for low 
contrast boundaries. Therefore, Huang & Liu (2015) improvise the method using 
Laplacian of Gaussian filter to integrate the Morphological Gray-Scale Reconstruction  
and LoG filter (MGRL-feature map) which is used to compute the external force field 
for the active contour. This method provides good detection boundaries in PCM 
images. 
2.4.1.2 Overlapping Cells 
Normally, cell segmentation faces a complex issue with a variation of cells structure 
and boundary, particularly in a tightly clumped region. Alioscha-Perez et al., (2014) 
and Stoklasa et al., (2015) introduce Watershed, which detects inner cell structures and 
cell membrane to match the geometric cell models. However, all of these studies have 
been seen to have delivered better results only on one cell population with a similar 
shape. Figure 2.16 shows the example of Watershed method which is applied in PCM 
image to solve the overlapping problem. In the type of PCM images, the segmentation 
of overlapping DCs in PBMCs images has not been explored. Most of the previous 
works in PCM processing are focused on a single cell detection. Far too little attention 
has been paid to a variation of cell populations in the PCM image. 
 
 
a) Ground truth 
 
b) Watershed 
Figure 2.16: Comparison of PCM cell segmentation in overlapping condition 
(Stoklasa et al., (2015)  
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2.4.1.3 Halo Region 
PCM images also inherit imaging artifact such as halo regions. The cell ordinarily 
appears as dark region encompassed by minimal bright halo ring. Segmentation 
algorithms that treat PCM images as general natural images do not always provide 
good performances as the imaging mechanisms of microscopy and natural images are 
completely different in terms of image magnification and noises (Su et al., 2013).  
Bradbury & Wan (2010) present a robust segmentation approach which 
combines the Spectral and K-means Clustering approaches to remove halo regions 
around the cells. The image is modelled as a matrix graph and subsequently divided 
into the different regions by computing the appropriate eigenvector of the matrix graph 
with the K-means algorithm. The result shows that the halo region is handled well, but 
it produces poor segmentation as the cell boundaries are not fully covered. Figure 2.17 
shows the segmentation results in which green, red and blue colour indicates the cell 
boundary detection. 
 
 
Figure 2.17: Segmentation result of K-means method (Bradbury & Wan, 2010) 
 
Recently, Kang et al., (2012) present a solution to the drawbacks of the PCM 
imaging. Therefore, non-uniform illumination artifacts are first corrected and intensity 
distribution information is used to detect cell boundary. The cross sectional plane 
which intersects center of each cell and orthogonal to the first principal axis is 
calculated. Then, dark cell region is extracted by analyzing intensity profile curve 
considering local bright peak as halo area before cell morphology is examined to be 
classified. This approach is able to solve the minimal halo artifacts with non-
symmetric diffusion pattern around the cell body. Figure 2.18 illustrated the 
comparison between the original image and the cell segmentation result.  
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a) Original image 
 
b) Segmentation result 
Figure 2.18: Threshold segmentation via intensity profile curve (Kang et al., 2012) 
 
In the present study, Jaccard et al., (2014) introduce Halo Removal method to 
correct halo artifacts typical of PCM images. Here, the direction of the gradient at each 
image location is determined through eight Kirsch filters in which they are tuned in 
four cardinals and four inter-cardinal directions.  Next, cell pixels and halo locations 
are discriminate using an iterative algorithm. The robustness of this method shows that 
halo artifacts are successfully removed with high accuracy. However, this method is 
unable to solve the clumping cells in the overlapping condition. The result can be 
found in Figure 2.19 in which (a) and (b) indicate the original PCM image and halo 
removal method respectively. In Figure 2.19(b) the True Positive (TP) is labelled with 
yellow colour to represent the achievable of cell detection through this method. 
 
 
a) Original PCM image  
 
b) Removing halo in PCM image 
Figure 2.19: Result of Halo Removal method in PCM image (Jaccard et al., 2014) 
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